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Abstract 
Overview: Allostery is described as action at a distance. The end result of a stimulus may be 
mediated through a dramatic conformational change or subtle global changes in the protein. 
A perspective based on side-chain networks can provide valuable insights into the differences 
in global connectivity features between various dynamical states of a protein. This is 
especially important to capture subtle conformational changes. In light of the COVID-19 
pandemic, we focus on characterizing the global features of SARS-Cov2 (COVID-19) spike 
glycoprotein. Our objective is to review and apply our network approaches to gain insights 
into a key viral protein at the structural level. We employ dynamical side-chain network 
concepts on COVID-19 spike glycoprotein, which is crucial for viral entry into human cells.  
Method: We present a brief overview of the side chain network methods. Our work is based 
on publicly available Cryo-EM structures and the molecular dynamics (MD) trajectories of 
the trimeric SARS-CoV2 spike protein in its closed and partially open states. We constructed 
and compared the dynamically weighted side-chain networks for the conformational 
snapshots obtained from these MD trajectories using various network parameters.  The side 
chain network behaviour for selected snapshots and the MD averages are obtained from our 
program PSN-Ensemble.   
Results: As expected, there are considerable similarities of network metrics between the 
partially open and the closed states. However, there are also significant differences seen at the 
domain-domain interfaces within a chain and across the trimeric interface. We discuss these 
differences in terms of the structural-functional aspects of the spike protein. 
Conclusions and Significance: Our comprehensive presentation and application of the side 
chain network approach demonstrates its worth in the case of the spike protein. The analyses 
of the network parameters show that the residues at the receptor binding domain and at the 
cell fusion level do not act locally but are supported by extensive global side-chain networks. 
Sequence comparison with SARS-Cov1 shows that the residue level network metrics such as 
hubs, cliques/communities are mostly conserved in the two proteins. Our analysis reflects the 
paramount importance of network features, implying that computational drug design 
strategies stand to greatly benefit by exploiting them. 
A. Introduction 
 “Understanding Protein Dynamics, Binding and Allostery” is a quest universal for all 
proteins involved in biological functions. The concept of allostery (which simply means 
‘action at a distance’ and implies long distance communication within and across the three-
dimensional structures of proteins) has evolved for more than half a century. Fundamental 
understanding of the principles guiding allostery in proteins came from two classical models, 
the concerted Monod-Wyman-Changeux (MWC) model [Monod et al 1965] and the 
sequential Koshland-Nemethy-Filmer (KNF) model [Koshland et al 1966], with the structural 
insights coming from one of the earliest crystal structures of haemoglobin [Perutz 1970]. 
Conformational changes in proteins is thought to be the key feature underlying allosteric 
communications. 
An exponential increase in the availability of protein structures in different functional states 
has improved our understanding of the phenomenon of allostery. Studies over the past 
decades have associated allostery in proteins with accompanying conformational changes, the 
extent of which may be a dramatic or subtle re-orchestration of dynamics involving protein 
side-chains in the absence of an appreciable conformational variation [Motlagh et al 2014, 
Tsai and Nussinov 2014]. It is this latter mode of long range signal transmission that is more 
difficult to capture. However,  current advances in experimental and theoretical techniques 
have been able to capture such subtle variations. In particular, molecular dynamics 
simulations, providing a dynamical conformational ensemble in equilibrium, have offered 
extensive characterization of the conformational fluctuations in proteins. The ultimate goal of 
these studies range from understanding the fundamental biophysical principles to more 
practical applications for drug design.  Over the past decades, several reviews have appeared 
on this topic (for example: Bahar et al 2007, Cui and Karplus 2008, Vishveshwara et al 2009, 
Bhattacharyya et al 2016, De Ruvo et al 2012, Bagler and Sinha 2005,), the recent one being 
a comprehensive summary of the current status of allostery from various computational 
efforts [Verkhivker et al 2020]. 
In this review, we focus on discussing our efforts in understanding the structural connectivity 
and conformational dynamics in proteins and protein complexes using network theory (or 
graph theory).  The structural topology of macromolecules can be mapped through network 
theory, which renders the complex three-dimensional structural connectivity in proteins into a 
mathematical representation (in terms of adjacency matrix). Such an adjacency or 
connectivity matrix is currently amenable to a large number of mathematical analyses, which 
enables characterization and comparison of the topological architecture of proteins. An 
additional perspective in terms of spatio-temporal conformational fluctuations  is added to this by 
the inclusion of dynamical information from MD simulations. We believe that a judicious 
marriage of the concepts of network theory with MD simulations can capture even subtle 
conformational rearrangements in proteins, as exemplified in the following sections. 
 In this article, we outline the details for the construction of dynamically stable protein 
structure networks from conformational ensembles obtained from MD simulations. We then 
discuss the analyses of such networks using various network parameters and mathematical 
formalism, highlighting the physical significance of each calculation in terms of protein 
connectivity and eventually, function. This technical discussion on the construction and 
systematic analysis of protein structure networks (details described in earlier reviews) is 
exemplified here by an application of these concepts to understand the conformational 
changes in the SARS-Cov2 spike protein. Specifically, the dynamical conformational 
ensemble of SARS-Cov2 spike protein [DE Shaw Lab 2020] is analysed, in its closed and 
partially open states [Walls et al 2020], adopting the network theory concepts that we have 
developed over the past two decades [Vishveshwara et al 2009, Bhattacharyya et al 2016, 
Gadiyaram et al 2019]. 
 Our choice of the spike protein, a trimeric protein that is pivotal to the coronavirus entry into 
host cells and one of the key drug targets for COVID-19, is timely in the wake of the raging 
global pandemic. The highly infectious and globally devastating coronavirus, SARS-Cov2 
(COVID-19), belongs to the family of β-coronaviruses and is closely related to the earlier 
pathogens, such as SARS-CoV, and MERS-CoV, which caused severe respiratory diseases in 
2004 and 2013, respectively.  However, SARS-Cov2 shows more resilience as compared to 
most pathogens witnessed by humanity in the last 100 years. The situation is complex from 
various angles, with clinical features ranging from asymptomatic to debilitating to life-
threatening. The virus is highly contagious, causing immense burden on global public health. 
Unlike earlier cases, it is not contained to localized regions, but has spread across the world 
due to easy transportation. Although it is primarily a respiratory infection, it has also caused 
infections of gastrointestinal, hepatic and neurologic systems, eluding a fixed pattern of 
disease manifestation [Sahin et al 2020]. Further, at the systemic level, it is also believed that 
the virus is capable of throwing the immune system out of gear by producing cytokine, an 
immune component recognizing foreign bodies, in an uncontrolled manner (known as 
“cytokine storm). Such a process  affects various organs of the human body. Recent studies 
have pointed out that the coronaviruses target several immune pathways, including 
complement and coagulation pathways [Ramlall et al 2020] and produce immune responses 
to spike (S) protein as well as to the nucleocapsid (N) protein [Atyeo et al 2020]. 
.    
Undoubtedly, there is a pressing urgency to prioritize studies on developing treatments, 
prevention, and the control of outbreak. To develop promising therapeutic strategies, whether 
it is vaccines, antibodies generated from infection-cured people, or blocking of key viral 
proteins by drugs, we need a clear understanding of the mechanism of action of SARS-Cov2 
virus. It is extremely important to progress in this direction to handle the current situation and 
to avoid such outbreaks in the future. The need for uncovering the molecular mechanism of 
how the virus enters the host cell and hijacks the host cell machinery has led to worldwide 
collaborations among many scientific groups from a myriad of disciplines. The focus of our 
work is in the discipline of structural biology, with an emphasis on the dynamical aspect of 
relevant proteins in the context of structure-function relationships. A succinct summary of the 
status of molecular structures of proteins in SARS-Cov2 is provided in a recent Review [Zhu 
et al 2020], highlighting how the recognition of the human ACE2 receptor by the spike 
protein mediate viral entry into host cell. We have provided a simplified version of this 
interaction, focusing on the structure of the spike protein in Figure 1. 
 Here we aim to characterize the conformational differences in the closed and the partially 
open structure of SARS-Cov2 spike protein from a global network perspective. The spike 
protein is a trimer, with each subunit organized into an S1 and S2 domain. The S1 domain 
hosts the receptor-binding domain that recognizes the human ACE2 receptor (Figure 2a). In 
order to engage the ACE2 host cell receptor, the receptor binding domain undergoes a 
conformational change much like the opening and closing of a hinge. It is either in the 
receptor inaccessible state (closed state) or receptor accessible state (open state), governing 
access to the factors that control receptor binding. Backbone alignment of a closed structure 
(PDB_ID: 6VXX) and a partially open structure (PDB_ID: 6VYB) reveal small structural 
differences between the two states, except that in the partially opened state the receptor 
binding domain of only one subunit swings outward as compared to the closed state (Figure 
2b). This is an ideal system to apply side-chain based network calculations, as the observed 
backbone changes are small. In addition, long-scale MD simulation trajectories of the closed 
and partially open states of the spike protein were made available by DE Shaw Research, [DE 
Shaw Lab 2020] allowing us to combine our network theory-based analysis with information 
on the conformational dynamics. 
 In what follows, we first explain the Protein side-chain Structure Network (PSN), in terms of 
its construction, connectivity profile as a function of interaction strength between residues, 
and finally, the methods of extracting important network metrics. In this review, the partially 
open and closed states of the spike protein  investigated by these methods have been adapted 
to study the MD average structures. Additionally, we compare the network parameters of the 
two systems and interpret their structural implications. We summarize the highlights of these 
studies and their potential future applications in the Summary and the Outlook section III.  
 
 B. Protein Structure Network studies on SARS-COV2 spike protein 
B.1. Protein Structures from the backbone and the side chain connectivity perspectives 
The overall shape of protein structures at a molecular level are captured elegantly through  
secondary and the super-secondary structures such as helices, strands/sheets and loops,  
adopted by the backbone atoms of the polypeptide chain. Based on the non-covalent 
interactions, the Ramachandran map [Ramachandran et al 1963] characterized the allowed 
regions of the backbone torsion angles (ϕ,ψ) and demonstrated that the allowed 
conformational space of the polypeptide chain mainly consists of the compact secondary 
structures, stabilized by backbone hydrogen bonds. Today, there has been an exponential 
increase in the number of available protein structures and amazingly the (ϕ,ψ)  map continues 
to be the gold standard for assessing the quality of protein structures. While adhering to the 
principles of close packing through secondary structures, the abundance of protein structures 
has also brought in a variety of shapes, often directly connected to their function. Moreover, 
there are numerous examples of protein structures which have insignificant differences at the 
backbone level, and yet are involved in a plethora of varied functions. Clearly, there is a need 
for the complete connectivity map at the side chain interaction level, spanning the most part 
of the protein structure, to understand the structure-function relationship at molecular level.   
 
This has led to the study of protein side chain networks. In the past few decades, extensive 
studies on the protein side chain networks have been developed.  Such network approaches 
are still evolving. Essentially, the network should be global such that any perturbation at one 
level should reach various parts of the protein structure and should be able to correlate the 
perturbations such as ligand binding, to the function of the molecule. Network metrics 
provide a quantitative way of tracking such changes. Specific to our application, here we 
have pictorially depicted the protein backbone using conventional secondary structures and 
side-chain-derived non-covalent connections as clusters, with the example of SARS-Cov2 
spike protein (Figure 3a and 3b, respectively). With such a structure now at hand, we can 
characterize its network features in a rigorous fashion. The following section summarizes the 
methods we employed to obtain more rigorous information on clustering and other network 
parameters. 
 
B.2. Protein Structure Networks (PSN) 
The protein structure network refers to the non-covalent interactions of the amino acids in a 
given protein structure. Thus, in the network language, the amino acids are nodes and the 
non-covalent connections between them are edges.  In the backbone network (PBN) the C 
atoms are generally considered as the representative of nodes and distance around 6.5Å 
(based on the radial distribution of C atoms in protein structures, [Miyazawa and Jernigan 
1985, Patra and Vishveshwara 2000] between any two sequentially non-adjacent residues are 
considered as edge. The current focus is on the structural details of amino acid side chains 
denoted as PSN (or PScN where Sc explicitly refers to the side chain atoms). There are 
different ways of representing side chain connections, such as the distance between the 
centroids of the side chains or all atom-atom distances. Here we consider the pair-wise 
atomic distances of all atoms of the side chains of residues i and j (𝑛𝑖𝑗) within a distance of 
4.5 Å (related to the sum of atomic radii [Herinaga and Argos 1991]) and the total number of 
interactions are normalized with respect to the maximum observed in a large data set of 
proteins [Kannan and Vishveshwara 1999,   Sathyapriya et al 2008] (Eqn. 1).  
 𝐼𝑖𝑗 =
𝑛𝑖𝑗
√𝑁𝑖𝑁𝑗
∗ 100            …. (Equation 1) 
This expression allows us to weigh the strength of interactions in a systematic manner, which 
can be uniformly applied to all protein structures. The significance of such a weighing 
scheme is elucidated below. 
B.3. Connectivity Profile 
The edge weights (𝐼𝑖𝑗  values) in principle range from zero to one. The values close to zero 
and those close to one represent weak and strong connections, respectively. In general, the 
strong connections can be related to nucleation centres formed by the interaction, for 
instance, of oppositely charged residues, stacking of aromatic residues or polar residues 
involved in hydrogen bonds. Even the residues, such as glycine, alanine, serine, cysteine, are 
highly preferred in packing, since they allow close contact due to their small size. The weak 
interactions on the other extreme are not highly specific and they can occur between any pair 
of amino acid residues. Generally these interactions aid in bridging the strongly connected   
nucleation centres and wrapping up the overall structure. If we create a connectivity matrix 
with the definition of any two atoms of the residues i and j within a distance of 4.5A, it will 
be a large matrix and the ratio of noise/signal will be high. On the other hand, the network 
consisting of only higher edge weight (𝐼𝑖𝑗) although specific, does not encompass the entire 
protein structure and thus does not connect the entire protein structure.  The challenge is to 
identify an optimal 𝐼𝑖𝑗  to characterize the network, without losing information and being 
cluttered with noise. In our previous studies (Deb et al 2009, Brinda et al 2010) we have 
utilized the concept of percolation in a given system, defined by percolation transition point, 
where the protein network is characterized by a macroscopically connected structure above 
the transition point.    
We consider the largest cluster in the structure as a measure of connectivity level. We obtain 
a sigmoidal curve of the size of the largest cluster versus 𝐼𝑖𝑗  from the analysis of PSN. The 
curve enables us to identify a the percolation transition point at which a giant connected 
cluster permeates the protein network. An interaction strength around the percolation point 
balances the problems of non-specific weak interactions at small 𝐼𝑖𝑗  values and discontinuous 
network across the protein structure at high 𝐼𝑖𝑗  values.  From earlier studies [Deb et al 2009] 
we have shown that generally the transition point occurs in the range of 𝐼𝑖𝑗  values 0.2 to 0.4. 
Figure 4 provides such a contact curve for SARS-Cov2 spike protein, demonstrating the 
universality of this behaviour also including the viral protein.  
  
The curves are generated from the simulation average connectivity matrices (described in 
section I.B.6) of the fully closed (PDBID: 6VXX) and partially opened structure (PDBID: 
6VYB) [Walls et al 2020] of the spike proteins. A noteworthy feature is that the profiles of 
the fully closed and partially open states show some differences in the percolation transition 
region. The changes are specifically located in the transition regions of 𝐼𝑖𝑗 (between 0.2 to 
0.3), with the closed state exhibiting a plateau of the largest cluster consisting of about 2000 
residues, whereas, in the partially-open state, the plateau is around a 1000 residue cluster. 
Structurally, this is consistent with the conformational states, with more residues held 
together as the largest cluster in the closed state, in comparison with the partially-open state 
in the transition region. Thus the differences in various conformational states manifest as 
deviations in the connectivity profile, again in the region around the percolation point. Based 
on this study and the earlier ones, we infer that the results obtained from the interaction 
strengths around the  percolation transition point, 𝐼𝑖𝑗 value of 0.3, are more sensitive and also 
provide a global view. Thus, in this article, we have utilized an 𝐼𝑖𝑗 value of 0.3 to generate the 
network parameters presented in subsequent sections.  
B.4. Network parameters from PSN 
Real world networks are often large and complex. With an increase in data availability in 
various fields, the advancement in the research area of large-complex network analysis has 
moved in different directions, such as  problem driven approaches, development of efficient 
algorithms, and computational packages (like Matlab and Octave). The crucial input to obtain 
a solution to the graph is the connectivity matrix in which the nodes and edges are defined on 
the basis of the chosen application. Our network approach in the past two decades has been 
data driven to analyze macromolecular structures, with specific focus on protein structures. 
Today a variety of options are available to obtain the network metrics from the connectivity 
information. Our PSN programs were influenced in the beginning by algorithms such as the 
ones which evaluate cliques and communities  [Newman 2004, Palla et al 2005] and the 
graph spectral methods based on Eigen values/vector components of the connectivity 
matrices [Hall 1970]. 
 
B.5. Graph Spectra of PSN 
The structure of the protein is used to construct a network consisting of nodes to represent 
amino acid residues, with weighted edges that connect them. Graph spectral analysis on such 
a network is performed by studying the eigenspace of the Laplacian matrix associated with it. 
For a network with n nodes, the Laplacian L is an n x n matrix that satisfies the equation  
𝑋𝑇𝐿𝑋 = ∑ 𝑤𝑢𝑣(𝑥(𝑢) − 𝑥(𝑣))
2
𝑢∼𝑣 .........................(2) 
where the summation is over every pair of nodes (u,v) connected by an edge with weight 
𝑤𝑢𝑣for some vector X in the space of nodes. It can be easily shown [Hall 1970, Chung 1997] 
that the Laplacian may be expressed in terms of the degree matrix D and the adjacency matrix 
A as  
𝐿𝑢𝑣 = 𝐷𝑢𝑣 − 𝐴𝑢𝑣             ..............(3) 
The eigenvalues and eigenvectors of the Laplacian contain information about the connected 
components or clusters of the network. To obtain clustering information, we need to map the 
nodes of the network to real numbers such that nodes belonging to the same cluster have 
similar values. That is, we need to find the vector X such that equation 1 above is minimized. 
The trivial solution to this problem is the vector that maps every node to 1, corresponding to 
the eigenvalue 0 and does not provide useful information. However, the condition is more 
clearly satisfied by the eigenvector corresponding to the lowest non-zero eigenvalue of the 
Laplacian, called the Fiedler vector. Sorting the Fiedler vector by value identifies nodes that 
are part of the same cluster. In this manner, all the clusters in the graph, ranging from the 
largest cluster with maximum number of residues to isolated edges, can be obtained as an 
analytical solution to the Laplacian matrix of the graph (in the present context, to the PSN).  
 In the present study, we have extracted the clusters from the sorted Feidler vector plots of the 
SARS-CoV2 spike protein -receptor binding domain (RBD) (Figure 2a), as taken from the 
crystal structure with PDBID-6LZG [Wang et al 2020], is shown in Figure 5a.  The clusters 
with greater than three residues are plotted on Pymol (Figure 5b). The residue details of the 
clusters are given in  Table S1. 
 
Performing graph spectral calculations on large datasets, as with extensive simulation 
trajectories, is computationally and time-wise expensive. However, it provides unique 
information which is difficult to obtain directly from other methods. For instance, we can 
extract the information on not only the clusters, as shown above, but also on the interfaces 
between domains in a single protein or across proteins in multimers. Also, graph spectral 
studies can be performed on weighted networks that can be quantitatively compared with a 
score, allowing the targeted subtraction of  the sections of that show deviations. A brief 
review of these aspects has been presented earlier [Gadiyaram et al 2019]. 
B.6.  PSN on dynamically accessible conformations 
Biological systems are in dynamic equilibrium under  conditions such as the temperature, 
ionic concentrations, complexation with endogenous ligands/drug molecules/functional 
proteins and so on. The conformational landscapes can be obtained by a large number of 
experimentally solved structures in different relevant conditions or through molecular 
dynamics simulations in a rigorous manner.  The network properties which can be obtained 
on single structures can also be evaluated as average properties from the conformational 
ensembles. A judicious choice has to be made as to whether to get the averages from all the 
structures or from selected structures representing various local minima.  
Our program PSN-Ensemble [Bhattacharyya et al 2013] is designed to handle large 
conformation ensembles and is well suited for analysing simulation ensembles. Fortunately, 
long MD simulation trajectories (10 s) of SARS-Cov2 spike protein in two different 
conformational states (closed: PDBID:6VXX and partially open state: 6VYB) )[Walls et al 
2020] are  available from DE Shaw Research [DE Shaw Lab 2020].  In the present paper we 
have extracted network parameters on both conformations of the spike protein, mostly using 
the program PSN-Ensemble. The basic principles and capabilities of PSN-Ensemble have 
been described in detail elsewhere. Briefly, PSN-Ensemble provides a consolidated and 
automated analysis platform, bridging graph theoretical calculations with protein 
conformational dynamics. Taking the coordinates of structure ensembles from MD 
simulations, NMR studies, and single or multiple X -ray structures as input, the program 
computes side-chain protein connectivity matrices. The individual matrices can be averaged 
by imposing a user-defined cut-off for dynamic stability (say X %). This average 
‘dynamically-stable’ matrix retains edges that appear in atleast X % of the conformational 
snapshots, highlighting connections that are present across a user-defined fraction of the MD 
trajectory.  
A plethora of dynamically stable network parameters can then be computed for the structural 
ensemble. Using the dynamically stable matrix, the PSN-Ensemble can compute structural 
hotspots (e.g., hubs/cliques), analyse structural rigidity or flexibility (e.g., 
cliques/communities), percolation properties of the network (e.g., clusters and largest cluster 
transition profile), molecular determinants of allosteric signaling (e.g., shortest paths of 
communication), and ligand-induced conformational variations (e.g., 
hubs/cliques/communities). The residues corresponding to the various network parameters 
are automatically mapped back to the original PDB structure for ease of visualization. The 
main objective of this open-source program is to evaluate the network properties of protein 
structures at the detailed side-chain interaction level from an ensemble perspective. The 
network parameters obtained from our PSN-Ensemble program on the open and the closed 
stares of the trimeric spike SARS-CoV2 protein are presented below. 
II. Network Analysis of Dynamical trajectories  
Here, we present the network parameters such as hubs, cliques/communities and domain 
interfaces for the dynamical trajectories of the two conformational states of the spike protein. 
We compare the results to bring out the importance of specific residues, their locations and 
the intra-chain domain-domain interactions, as well as inter-chain interactions. We study the 
conformational changes accompanying the transition from the closed to the partially open 
structure of SARS-Cov2 spike protein. In order to engage a host cell receptor, the receptor 
binding domain undergoes a conformational change, much like the opening and closing of a 
hinge. It is either in the receptor inaccessible state (closed state) or receptor accessible state 
(open state), governing access to the factors that control receptor binding. Backbone 
alignment of a closed structure and a partially open structure overall reveal small structural 
differences between the two states, except that in the partially opened state the receptor 
binding domain of only one subunit swings outward as compared to the closed state (Figure 
2).  
This is an ideal system to apply side-chain based network calculations, as the observed 
backbone changes are small. To compute the dynamically stable  network parameters, we 
first extracted conformational snapshots every 100 ns from long-timescale MD simulations of 
SARS-Cov2 in its closed and partially open states (10 s each), which were made publicly 
available by DE Shaw Research [DE Shaw Lab 2020]. The ~100 snapshots from each of 
these trajectories is then used as an input to PSN-Ensemble to calculate the dynamically 
stable (at 50% cut-off) hubs and cliques/communities. A comparison of the dynamically 
stable hub and cliques/communities between the two states of the spike protein lends insight 
into how the conformational change in the receptor binding domain leads to global structural 
rearrangements 
percolating into the 
membrane-binding 
domains of the protein.   
 
 
 
 
 
 
 
 
 
 
 
a) Comparison of 
dynamically stable 
hubs: Hubs represent 
residues that form four 
or more connections 
with other residues in 
the protein side-chain 
network and are 
considered as structural 
hotspots. The closed 
and the partially open 
states of the SARS-
Cov2 spike protein shows 60 common dynamically stable hubs (Figure 6). Highlighting the 
distinctive structural features of the two states, the partially open and closed states have 25 
and 13 unique dynamically stable hubs, respectively (Figure 6). Plotting these unique hubs on 
their respective structures reveal subtle structural rewiring in the entire SARS-Cov2 spike 
protein. The closed state shows unique hubs mainly in the receptor binding domain. Most of 
these hubs are lost or altered in the partially open state where this domain undergoes major 
conformation changes in Chain A. The NTD, SD1, SD2 and S2 domains (Figure 2a) gain a 
large number of unique hubs in the partially open state as compared to these domains in the 
closed state. Our results suggests that the conformational changes in the RBD alone (in only 
one subunit of the trimer), in going from the closed to the partially open state, induces 
significant reorganization in the global protein side-chain network of the spike protein. These 
global conformation reorientations in the protein connectivity network are reflected as a 
change in the distribution of hub residues as seen in Figure 6.  
 
 
b) Comparison of dynamically stable cliques/communities: A clique represents a subset of 
residues which are all connected to one another. They represent higher order connectivity, 
highlighting the regions of rigidity in the protein structure. The permeation of this 
connectivity throughout the protein is captured through an assemblage of cliques, called 
communities. Together, cliques/communities reflect the subtle conformational changes that 
alter regions of rigidity/flexibility in protein organisation. Here, we have compared the 
dynamically stable cliques/communities obtained from the SARS-Cov2 trimeric spike protein 
in the closed and the partially open state (Figure 7). This change in conformation is reflected 
upon comparison of the cliques/communities between the closed and the partially open states. 
For clarity of representation, we will focus only on the dynamically stable 
cliques/communities formed at the subunit interface (see supplemental Table S2 for a 
comparison of all cliques/communities between partially open and closed states of the spike 
protein).  
Interfacial cliques/communities are an excellent metric to understand the particulars of 
coupling for multimeric organisation of different protein subunits. In the closed state of the 
spike protein, a higher number of interfacial cliques are seen at the receptor binding domain 
with an equally heavy distribution of cliques across the SD1 and SD2. This reflects a tightly 
packed trimeric interface in closed state with the receptor binding domain and the SD1/SD2 
establishing rigid connections across the subunits. In contrast, in the partially open state, a 
markedly smaller number of interfacial cliques are observed in the receptor binding domain 
and SD1/SD2. This reflects a weakening of the top interface around the receptor binding 
domain owing to the partial opening of this domain in one chain. A slight increase in the 
number of interfacial cliques closer to the connector domain is noted. This study shows that 
the local structural changes in the RBD in going from the closed to the partially open states 
leads to extensive re-orchestration in the entire spike protein network, which is exemplified 
by the comparison of the interfacial cliques. 
III. Summary and Outlook 
The term “Allostery” is a visionary concept and an apt terminology provided by pioneers like 
Koshland and Monad, more than half a century ago, to characterize the action of proteins 
away from the classically identified binding site. The mechanism of action was described 
through lock and key or induced fit models.  Our understanding of protein functions 
increased with advancement in structural biology. Today there is an exponential increase of 
structural data from experiments such as X-ray crystallography, NMR and Cryo Electron 
Microscopy.  In parallel, computational biology has reached a mature level to explore the 
conformational landscapes of large protein assemblies through molecular dynamics 
simulations.  
The data from experimental structural biology and the molecular dynamics simulations have 
become a rich source of information to investigate macromolecular systems at atomic level. 
Currently mining such valuable data from complex systems to extract information on 
enhancing our understanding biological systems at a molecular level and to provide 
meaningful and reliable predictions for biologists, has been a challenge. This has led to 
multidisciplinary approaches, adopting the domain expertise languages to investigate the 
mechanisms, the importance of specific amino acids towards the stability and functions of 
proteins from various perspectives. Some of the concepts/methods that have made their way 
to address biological systems are, network theory, machine learning, percolation 
phenomenon, profusely combined with chemical and biological inputs. 
In the context of allostery, here we have reviewed the approaches adopted to view the protein 
structures from a network perspective. Specifically, we have focused on the networks of side 
chain connectivity, which we have extensive experience  with and has not received wide 
spread attention. We have described quantifying connectivity and identifying optimal 
connectivity criteria by employing  concepts from percolation theory, and the corresponding 
transition point from physics. We have elucidated the global connectivity of the protein side 
chains and clustering (defined as the amino acid interactions within the cluster which are 
greater than those across the clusters) of interacting residues from the Eigen spectra of 
connectivity matrix.  
Finally, because of the pressing need to characterize the SARS-CoV2 protein at the structure-
function correlation level, we have investigated the molecular dynamics snapshots (which is 
made available at D E Shaw site) of the spike protein of SARS-CoV2, by the approaches 
mentioned above. The protein side chain network studies are performed on the open and the 
closed states of the trimeric forms of this protein. The highlights include (1) the differences in 
the size of the largest connected clusters in the percolation transition region, with the closed 
state being more stable (in terms of the size of the largest cluster) than the open state and (2) 
differences in the network parameters such as hubs, cliques and communities, depicting 
tighter connectivity at the domain interfaces in monomeric chain and at the inter-chain 
interfaces in the trimeric form. Graph spectral method provided information on the clusters of 
the single domain (RBD), which is known to interact with the ACE-2 receptor. Interestingly, 
some of the residues known to interact with the receptor are part of large clusters. The future 
plan is to investigate the interaction of spike protein with receptors like ACE2 and some of 
the relevant drugs from side chain network perspective.   
The above results, while offering insights to the structure-function correlation of the SARS-
CoV2, also provide a new perspective of allostery in general. The long distance 
communication involves specific routes and subtle changes in the communication paths, in 
order to reach the end point. The robust structure provides the communication paths of side 
chain networks and the stimulus at the ligand binding pocket is transmitted to the desired 
destination through gentle reorganization of the side chain interactions allowed in the 
equilibrium dynamical state. Thus, the fitness and the flexibility of the protein involved in 
interaction (with drugs or other proteins) are as important as that of the interacting partner, to 
have a productive output. In summary, allostery should be viewed as a synergistic-global 
interaction between the ligand and the receptor. 
Finally, in the context of treatment of infections, the antibodies and the vaccines are produced 
in response to the global topology of the host protein/receptor. Thus they compliment the 
naturally evolved receptor more globally around the binding site. The drugs, on the other 
hand, are designed based mainly on the binding site information. As we have seen here, the 
binding site residues are held loosely or tightly by the residue clusters, firmly anchoring some 
of the interacting residues deep within the pocket. Generally, procedures used for drug design 
procedures are a brute force method of searching and finding the best fit for the active site. 
The drug developing strategies would benefit by incorporating the side chain network 
connectivity information in their design, thus providing a rationale for incorporating the 
effects of global connectivity in the proteins.  
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